Although landslides are frequent natural phenomena in mountainous regions, the lack of data in emerging countries is a significant issue in the assessment of shallow landslide susceptibility. A key factor in risk-mitigation strategies is the evaluation of deterministic physical models for hazard assessment in these data-poor regions. Given the lack of physical information, input parameters to these data-intensive deterministic models have to be estimated, which has a negative impact on the reliability of the assessment. To address this problem, we examined shallow landslide hazard in Comitancillo municipality, Guatemala. Shallow landslides are here defined as small (less than two or three metre-deep) rotational or translational slides or earth flows. We based our hazard simulation on the stability index mapping model. The model's input parameters were estimated from a statistical analysis of factors affecting landslides in the municipality obtained from a geodatabase. The outputs from the model were analysed and compared to an inventory of small-scale landslides. The results of the comparison show the effectiveness of the method developed to estimate input parameters for a deterministic model, in regions where physical data related to the assessment of shallow landslide susceptibility is lacking.
Introduction
Various natural disasters in recent centuries in Central America have been caused by landslides and debris flows (Zaitchik and van Es, 2003; Petley et al., 2005; Devoli et al., 2007a Devoli et al., , 2007b Medina, 2007; Miner and Villagran de Leon, 2008; Devoli et al., 2009) . For example, in early October 2005 at the end of the rainy season, a storm system led to heavy rainfall in Guatemala (UNEP, 2005) and resulted in several landslides that had a severe impact on communities. More than 1800 people died (Cepeda et al., 2010) and the landslides that hit the Sololà and San Marcos Departments wrecked entire villages (Medina, 2007) . However, the municipality of Comitancillo (San Marcos Department) escaped the disaster. There were no large-scale land movements (MAGA, 2001) , although several shallow landslides and/or earthflows were observed. Nevertheless, landslides are the most significant cause of denudation in watersheds with steep slopes (Wentworth, 1943; Scott and Street, 1976; Li, 1988; Terlien, 1997; Lan et al., 2004) .
Most landslides in Central and South America occur (or have the potential to occur) in mountainous regions of the Andes and steep slopes in volcanic regions. In rural zones of Guatemala, forested land has been degraded (Medina, 2007) or partially converted to subsistence agriculture (Bresci et al., 2013) . Such changes in land use and land cover affect soil cohesion and critical pore water pressure, causing loss of root reinforcement and reduction of the canopy effect on interception and evapotranspiration (Kuriakose et al., 2009) .
In the municipality the factors affecting landslides have never been identified or analysed; they include lithology, soil texture, slope angle, elevation (Lan et al., 2004; Ghosh et al., 2012; Jaiswal and van Westen, 2013; Pellicani et al., 2013) and vegetation (Glade, 2003) . This is despite the fact that large-scale land movements pose a serious threat to life, property and infrastructure, and constrain the development of rural areas (Cepeda et al., 2010) .
Several models have been proposed for assessing shallow landslide hazards at regional scale. Most all of these models couples a terrainbased distributed hydrological model for assessing the spatial distribution of soil moisture with an infinite-slope stability model for assessing the local stability factor. The spatial distribution of soil wetness conditions is generally predicted under the assumption that subsurface flow is driven by terrain gradients under steady state conditions. Under this assumption the local wetness conditions are univocally defined by means of terrain attributes, such as the upslope contributing area and the terrain slope.
The distributed model is generally structured on a network of elements defined by digital terrain analysis, either contour or grid-based (e.g., Chirico et al., 2003; Santacana et al., 2003) . The elements are characterised by specific attributes structured in a digital terrain model. The connectivity among the elements is defined by one-dimensional flowpath patterns. Montgomery and Dietrich (1994) , in their SHALSTAB model (Dietrich et al., 1992 (Dietrich et al., , 1993 (Dietrich et al., , 1995 (Dietrich et al., , 2001 Montgomery, 1998), calculated the wetness patterns with a steady-state wetness index computed with a single-flow direction algorithm. Borga et al. (1998) extended this approach to grids with a multiple-flow-direction algorithm. Pack et al. (1998) included a parameter uncertainty analysis based on uniform probability distributions in order to assess the stability classes. Other models have been designed to relax the steady-state assumption, by implementing fully distributed hydrological dynamic models. Wu and Sidle (1995) applied a contour-based distributed event model. Borga et al. (2002) first suggested applying the quasi-dynamic wetness index (Barling et al., 1994) to overcome the limitations of the steady-state approach. Other examples of fully dynamic models are TRIGRS (Baum et al., 2002 (Baum et al., , 2008 (Baum et al., , 2010 , SHETRAN (Bathurst et al., 2007) and STARWARS/PROBSTAB (van Beek and van Asch, 2004) . The distributed fully dynamic models, although being able to account for realistic rainfall patterns, are computationally complex, require a large number of input data and parameters and do not have the practical advantages of an index-based approach. The largest source of uncertainty in these models is the estimation of the soil hydraulic properties affecting the celerity of the subsurface flow response, even at small hillslope scale (e.g., Chirico et al., 2010) . Moreover, steady state approaches, can be easily implemented within GIS environments (Iverson, 2003) . Another advantage of steady state model is the fact that they can easily incorporate the role of vegetation on slope stability Schwarz et al., 2009; Preti et al., 2010; Preti, 2013) . Given the lack of available data as input to this data-intensive model, input parameters had to be estimated, we selected the SINMAP model in order to carry out a shallow landslide hazard assessment. The SINMAP model has been tested under different geological and hydrological conditions by several authors, and has proved to be highly reliable in predicting slope instabilities (Morrissey et al., 2001; Zaitchik and van Es, 2003; Calcaterra et al., 2004; Lan et al., 2004; Meisina and Scarabelli, 2007; Andriola et al., 2009) . Model parameters have been derived from data published in common geodatabase for the area. A preliminary statistical analysis of factors affecting landslides was performed. The model was validated using an inventory of 24 landslide events. This paper is organised as follows: the next section describes the characteristics of the case study, by focusing on the factors that affect landslides and describing the landslide inventory. Main features of the model are described and, specifically, an analysis of the triggering factors as input the model is provided. In section three, we evaluate the results of the landslide inventory analysis and discuss our findings.
Materials and methods

Study area Landslide-affecting factors
The first step in a landslide susceptibility analysis is data collection and evaluation. The geodatabase that formed the basis for our study contains data related to the variables that affect the risk of landslide (Lan et al., 2004) . In order to estimate the input parameters for the SINMAP model we carried out a statistical analysis of the landslideaffecting factors contained in the database. Specifically, we selected and defined three categories of factors: slope angle, soil texture and soil cover. The 20-metre digital elevation model (DEM) (MAGA, 2001) was used to create the slope map. Slope angles were divided into four classes: 0°-10°, 10°-20°, 20°-30°, >30°. This classification was based on the results of Coe et al. (2004) , who found that landslides tended to occur in areas with a slope angle of 20°-30°, while areas with a slope angle of 0-10° were less affected.
Soil texture was classified into clay loam, loam and sandy loam based on soil data. A land use map was used to evaluate areas covered by vegetation, as root-induced cohesion has been identified as the most important beneficial mechanical factor in shear strength (Greenway, 1987; Montgomery et al., 2000; Kuriakose et al., 2009; Preti and Giadrossich, 2009; Schwarz et al., 2009; Preti et al., 2010; Preti, 2013) .
Landslide inventory
In Guatemala as a whole, 553 landslides were recorded in the period 1881 -1981 (INSIVUMEH, 1991 . However, in politically unstable years (such as during military coups) this number seems to be underestimated (Cepeda et al., 2010) . There was an increase in the incidence of landslides in 1935 due to the expansion of the road network. No landslides have been mapped in the Comitancillo municipality. The scientific literature does not suggest that in the recent past, landslides in Guatemala have become any more frequent.
A 2009 survey determined the location of 25 shallow landslides using a global positioning system device ( Figure 1 ). This two-month project focused on socio-economic features related to the large-scale movement of land and led to the creation of a landslide inventory. Landslides were classified as shallow rotational or translational, covering a surface area of 50-150 m 2 .
The stability index mapping model
The stability index mapping (SINMAP) model, developed by Pack et al. (1998) , integrates an infinite slope stability model and a steadystate hydrologic model, based on TOPMODEL (Beven and Kirkby, 1979; Connell et al., 2001) . A detailed discussion of the SINMAP model is presented in Pack et al. (1998) . Here we focus on a few key aspects of the model. In the absence of actual data, the set of variables and parameters of the infinite slope stability model is aggregated and become calibration input (Pack et al., 1998; Deb and El-Kadi, 2009; Kuriakose et al., 2009) Uncertainty in the three variables C, tan f, and R/T is modelled by the specification of upper and lower bounds (Deb and El-Kadi, 2009 ). The definition of input parameters makes it possible to classify the study area into various slope-stability classes. The SINMAP stability index (SI) is derived from the safety factor (FS) and is defined as the probability that a location is stable, assuming a uniform distribution of uncertain or variable parameters over a specified range. The SINMAP model defines the following zones: i) Class 1: a stable slope (SI>1.5); ii) Class 2: a moderately stable slope (1.5>SI>1.25); iii) Class 3: a quasi-stable slope (1.25>SI>1.0); iv) Class 4: a lower threshold slope (1.0>SI>0.5); v) Class 5: an upper threshold slope (0.5>SI>0.0); and vi) Class 6: a defended slope (0.0>SI). For more details see Pack et al. (1998) . Consequently, when FSmin>1 the area can be classified as either stable, moderately stable or quasi-stable, while in the case of FSmax<1 the area is classified as unstable (defended).
Landslide-affecting factor analysis and model input
A preliminary analysis of the factors affecting the risk of landslide in the Equation 2.1 was carried out at the level of the municipality in order to evaluate the main slope processes. The SINMAP assessment is based on a statistical analysis of the factors affecting the risk of landslide. The calculated distribution of slope angle classes was used in the analysis of the frequency distribution of soil classes and land use (Figure 3) . Table 1 shows the results of these calculations. Slopes with an angle less than 10°, 10°-20° and 20°-30° cover, respectively, around 15%, 32% and 34% of the total area (Figure 3) .
Specific statistical analyses were carried out in each calibration region (CR) to verify the homogeneity of the area and to evaluate its landslide-affecting factors (Figure 3 ). For example, in CR3, areas with a slope angle greater than 20° cover only 14.8% of the total area, while in CR1 and CR2 they cover 53.8% and 71.3%, respectively. In CR2 shrub cover dominates, occupying 69.1% of the area (Table 2 ). In the right part of Figure 3 the distribution of landslide-affecting factors for the three calibration regions expressed as a percentage is shown, Maximum daily rainfall was calculated from rainfall data provided by the meteorological gauge station in San Marcos city (daily rainfall records covering a period of 39 years). This was used to evaluate the input parameter R for each CR (Deb and El-Kadi, 2009 ).
The soil texture in each CR was assessed using the soil map and was used to calculate low-threshold hydraulic conductivity (Ksmin) using Cosby's pedotransfer function (Cosby et al., 1984) . The values of Ksmax were estimated by application of the Philip formula (Philip, 1957) for the calculation of infiltration rate as a function of time (starting at 0.5 h, based on conservative estimates of soil water content). Ksmin was used as the stabilised infiltration rate in the Philip formula. Soil texture was used in the pedotransfer function to assess soil porosity and bulk density (Saxton et al., 1986) . Soil transmissivity Tmin and Tmax were Article calculated from the dataset provided by the soil depth map and the calculated values of Ksmin and Ksmax. Soil depth values derived from the soil map were used in Eq. 1 as the soil thickness parameter. These were consistent with landslide failure depths measured by the survey. Geotechnical parameters were assessed from soil characteristics. Soil cohesion values were estimated for each of the defined soil classes. Root cohesion was assessed according to methods described in Preti et al. (2010) , Preti and Giadrossich (2009) and Schwarz et al. (2009) and took into account root reinforcement at a depth of one meter for each class of land use. Root density distribution and consequently soil root reinforcement is assumed to be a decreasing exponential function of root depth (Preti et al., 2010) . The estimated values of soil and root cohesion are used in Eq. 1 to calculate the cohesion index for each CR (Table 3) . Minimum values for soil and root cohesion are assumed to be 0, in order to provide a conservative assessment of the risk of landslide. Maximum values were calculated as the weighted arithmetic average for the area covered following the procedure illustrated in Figure 2 .
Model performance in a data-poor region
The success rate (SR) (Montgomery and Dietrich, 1994; Duan and Grant, 2000; Borga et al., 2002) evaluates the performance of the stability model. It is the ratio of the number of landslides that actually occur in areas that are predicted to be unstable divided by the total number of observed landslides. The SR does not take into account stable areas where predictions may or may not be correct. However, the SR indicator tends to over-predict slope failure. Consequently, Huang and Kao (2006) examined the successful prediction of landslides in stable areas and developed the modified success rate (MSR), which is the average success rate in predicting landslides in both stable and unstable areas. The landslide susceptibility map was verified using the success rate curve and the location of landslides mapped by Chung and Fabbri (2003) . The success rate curve was plotted based on susceptibility classes, starting from highest to lowest values on the x-axis, and the cumulative percentage of landslide occurrence on the y-axis.
Results and discussion
The geospatial analysis, using the nearest neighbour method, showed a moderate landslide cluster distribution (P-value: 0.175), probably due to the small sample size (consistent with Yang and Lee, 2006) .
The landslide inventory was evaluated by analysing the slope degree calculated from the DEM after digitalisation of the dataset. Figure 4 shows the slope angle (derived from the DEM) for each mapped landslide and the relative distribution frequency, for each slope class. Landslide frequency in areas with a slope angle of 0°-10°, 10°-20°, 20°-30° and >30° is 25%, 41.7%, 20.8% and 12.5%, respectively. This frequency distribution can be compared with landslide-triggering causes found in the landslide inventory, which suggests that localised processes could be the cause of some mapped landslides.
The graph shown in Figure 5 highlights the weak negative correlation between altitude and slope angle for mapped landslides. Although altitude does not directly affect the probability of a landslide, it can control several other factors, notably vegetation (Lan et al., 2004; Preti et al., 2010) . The lack of vegetation at high altitude means that there is little or no root reinforcement causing a possible increasing slope exposure to extreme rainfall. This result could also be related to the practical difficulty of surveying high, steep zones. It should also be noted that the landslide inventory was focused on the socio-economic impacts of landslides. The SINMAP model was applied to the Comitancillo municipality in order to carry out an assessment of landslide hazard. We created a map of landslide hazard based on the input parameters shown in Table 3 and compared the results to the landslide inventory (Table 4) . The results of the simulation indicated that 5.7% of the municipality was classified as defended (DEF), while 34.5% and 38.9% of the area were classified respectively as upper threshold of instability (UTS) and lower threshold of instability (LTS). Figure 4 shows the relative frequency distribution of stability classes and mapped landslides. The area classified as DEF has relatively few mapped landslide events; this is probably due to the problem of localising landslides on steep slopes. Most mapped landslides (66.7%) are found in a zone where the SI is 1-0.5. Finally, 20.83% of all landslide events occurred in the area classified as ST (Table 4) . Figure 3B shows the distribution of soil classes for each slope angle. The percentage of clay loam increases as the slope angle increases ( Figure 3B ). On the other hand, the opposite trend is observed for loam, while there is no clear trend for sand loam. The positive correlation between clay loam and slope angle could be due to the cohesion effect of clay components. Figure 3C shows that the areas covered by hardwood forest, mixed forest and conifers do not show any clear trend in terms of slope angle, while areas covered by grains (e.g., maize and beans) and shrubs reveal a clear correlation with slope angle. This correlation is negative for grain areas and positive for shrubs.
The survey data reports small-scale landslides in areas predicted by the model to be stable. Factors that trigger land movements could be linked to local situations (e.g., slope toe erosion due to stream action). However, it has already been established that large-scale land movements caused by local characteristics cannot be evaluated with the infinite slope stability model based on a 20-metre DEM. In fact, a model's ability to assess the likelihood of shallow landslides is closely associated with the DEM resolution used for the simulation. Several authors have investigated the effects of DEM resolution on the topography index (Beven and Kirkby, 1979; Moore et al., 1991; Quinn et al., 1991; Band et al., 1993; Chairat and Delleur, 1993; Zhang and Montgomery, 1994; Saulnier et al., 1997) and landslide modelling (Ward, 1981; Borga et al., 1998 Borga et al., , 2002 Claessens et al., 2005) . The Claessens study concludes that low DEM resolution affects the quality of a model's results because features are filtered out. In our study, the effects of DEM resolution on landslide modelling were taken into account when results were compared with the landslide inventory. o n l y Figure 6 highlights the relative frequency of mapped landslides (LS24), while LS18 is a sample of mapped landslides. Small-scale landslides were excluded, as the 20-metre DEM resolution used in the model was not able to identify landslide-triggering processes (see above). This reduction in the number of samples produced a 27% increase in the number of landslides mapped with an SI of 1-0.5. The distribution predicted by the model was compared to the landslide inventory (Table 5) . In simulation of model results (MR) 2, areas with a slope angle less than 10° or greater than 35° were excluded as the survey focused on areas closest to the village and therefore most dangerous for populations, and did not include inaccessible areas.
Article
The Chi-square test for the comparison of two samples with homogenous variance and unknown population variance was applied (Table  5) . The same table also shows that calculated P-values for the Chisquare test increase from 0.977 to 0.993 for samples LS24-MR1 and LS18-MR2 respectively. In these two cases the average of the sample pairs are similar, in particular for LS18-MR2. These results show that, when compared with the survey inventory, the SINMAP model provides reliable results from the statistical estimate of input parameters.
The SR indices for LS24-MR1 and LS18-MR2 are respectively 67% and 89%. Figure 6 plots the success rate curve, which shows the percentage distribution of mapped landslides in areas of different susceptibility classes. Figure 6 shows a clear correlation between the distribution of mapped landslides and areas with highest SI, as calculated by the model. The presence of mapped landslides in areas with an SI less than 1.5 is probably due to local characteristics.
The MSR index was not used for two reasons: i) the landslide inventory only provided a sample of mapped landslides in the study area; and ii) it is not possible to assume that each landslide only occupies one cell in a grid of 20-metres or more. The first type of error in modelling slope stability occurs when the model identifies a site as unstable, but no evidence of instability can be observed or mapped. The second type of error occurs when a site is predicted to be stable but instability is observed (Borga et al., 2002) . The first type of error tends to over-predict areas that may be subject to shallow landslides, but could also be an indication that the zone is prone to instability. The second type of error suggests that the model does not accurately describe instabilities, which are minimised (as was the case in this study).
The implementation described here offers a reliable method for the mapping of shallow landslide susceptibility in data-poor regions (Figure 7) .
Conclusions
A deterministic model (SINMAP) was applied to the Comitancillo municipality in Guatemala to assess landslide hazard. The study area (139 km 2 ) was divided into three calibration regions according to their geotechnical characteristics. The aim was to evaluate the usefulness of the simulations provided by the SINMAP model in data-poor regions, through a comparison of the model's results with an inventory of observed landslides. The model's input parameters were derived from a statistical analysis of landslide-affecting factors. Geotechnical data for the model's calibration regions were estimated from a soil map. Root reinforcement was assessed from a vegetation cover map of the area. The model was validated using a sample of 24 observed landslides.
The results of the simulation showed that around 79% of the municipality could be classified as between the lower threshold of instability and defended.
The landslide inventory is a partial sample of shallow landslides in Comitancillo municipality and includes small land movements. However, the 20-metre DEM used in our simulation is not able to identify these small-scale movements, especially when they are triggered by local characteristics.
The validation of the model shows that the data input procedure makes it possible to carry out a reliable simulation of scenarios to assess the likelihood of shallow landslides. In particular, the SINMAP model can be applied in data-poor regions where landslides are not caused or triggered by local characteristics.
The susceptibility map is a tool that planners can use to ensure that areas prone to landslide are used in ways that reduce the probability of a harmful event or to mitigate its effects. Finally, it can also be used to identify existing infrastructure (terracements, roads, etc.) subject to landslide hazard . 
